Most tropical regions in the world are vulnerable to climate variability, given their dependence on rain-fed agricultural production and limited adaptive capacity owing to socio-economic conditions. The Kalahandi, Bolangir, and Koraput districts of the south-western part of Odisha province of India experience an extreme sub-humid tropical climate. Based on the observed changes in the magnitude and distribution of rainfall and temperature, this study evaluates the potential impact of climate variation on agricultural yield and production in these districts. The study is conducted by taking into account meteorological data like rainfall and temperature from 1980 to 2017 and crop productivity data from 1980-81 to 2016-17. Additionally, climate variability indices like Monsoon Index, Oceanic Nino Index, and NINO-3 and NINO 3.4 are used. To analyse the data, various statistical techniques like correlation and multiple linear regression are used. The amount of monsoon rainfall is found to have a significant impact on crop productivity, compared to temperature, in the study area, and as a result the Monsoon Index has a determining impact on crop yield among various indices.
Introduction
Climate is one of the main factors for agricultural production and yield. Climate parameters, mainly rainfall and temperature [1] [2] [3] , directly affect cultivation, and any change in them is bound to have a significant impact on crop yield and production. There is a growing concern all over the world about the effects of climate variability [4, 5] on agricultural production. Several studies have already shown the considerable impact of variations [6, 7] in climate parameters [8, 9] on the average crop yield [10] [11] [12] . Most of the agricultural crops and, specifically, the kharif season crops are sensitive to their growing conditions, especially rainfall and temperature, which consequently come under the key factors influenced by climate variation. Kharif crops are usually sown with the beginning of the first rains during the advent of the south-west monsoon season, and they are harvested at the end of monsoon season (October-November). These crops are dependent on the quantity of rain water as 
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The present study is based on meteorological data collected for Bhawanipatna station (Kalahandi district), Bolangir station (Bolangir district), and Koraput station (Koraput district), having the Index numbers 43042, 42963, and 42097, respectively, observed by the India Meteorological Department (IMD). The data was described and summarized quantitatively and qualitatively. In this study, the selected meteorological stations that had no missing data. Available historical climate data on rainfall and temperature of western Odisha, of three districts, covered a period of 38 years from 1980 to 2017. Meteorological stations were selected based on the availability of daily rainfall data, minimum temperature data, and maximum temperature data in the study area. Data pertaining to area, yield, and production (AYP) of crops, landholding pattern, irrigation, fertilizer consumption, rainfall, etc., were collected for Bolangir, Kalahandi, and Koraput, as a whole, from the Directorate of Economics and Statistics, Department of Planning, Directorate of Agriculture and Food Production, Government of Odisha, Bhubaneswar. Crops/crop groups selected for the study were rice and maize. The study covers a period of 37 years: 1980-1981 to 2016-2017. 
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Methodology
Two staple crops, Rice and Maize, are selected for analysis, since they cover maximum cultivation area and are the major sources of livelihood. It is important here to note that the year to year crop yield, area, and rainfall variations (y') are defined as anomalous percentage deviated from the five year running mean to stress the anomalies related to climatic variations as shown in Equation (1), i.e., y' = [(y − y")/y"] * 100
(1) where y: annual crop yield/ area/ rainfall y': anomaly of the variables like crop yield, rainfall, temperature y": five year running mean Based on this calculation, deficient yield years are derived and relationship between rainfall as well as temperature deviation and crop yield is established for those deficient years and for both the crops. Regression analysis is used for the exploration of relationships among rainfall, temperature, and crop yield and production [21] . The investigators seek to determine the influence of one variable upon another leading to certain causalities, as in this case analysis of the effect of temperature and rainfall deviation upon different crop productions. Regression analysis is used to assess the quantitative effect of the underlying variables upon the dependent variable-the variable that is influenced. Furthermore, the statistical significance of the approximate relationships is then determined. A simple regression is illustrated in the following (Equation (2)) formula:
Within this formula there are observable as well as unobservable variables [21] . I and E are observable variables, since they are available from collected data. On the contrary, α, β are unobservable parameters and ε a random term. The purpose of regression analysis is then to produce an estimate for these three parameters based on the data set. The example above is of a linear nature, which is common in regression analysis.
Coming back to the formula expressed above, in order to understand the relationship between I and E, their role in generating the noise, ε, is ignored for a while. Graphically, the relationship between I and E constitutes the equation for a line where β is the slope and α the intercept on the vertical axis. Integrating the noise ε suggests that there can be numerous lines depending on the range of ε. Further, a particular regression line relates to the estimated noise term, based on the error for each observation. For each probable line, a set of errors will result, and among the possible lines, the regression analysis will select the "sum of the squares of the estimated errors at a minimum", the so-called "minimum sum of squarederrors (SSE)".
Furthermore, multiple regression is a technical tool permitting to quantify the impact of several synchronized influences upon a specific dependent variable [21] . The expression for a multiple regression formula results (Equation (3)) in
for example, where γ is expected to be positive. The coefficients α, β, and γ remain to be estimated. In addition, the SSE will depend upon the particular value of ε, in this case crop, within the data set.
Moreover, the regression properties involve the relationship among the true values of the parameters and the probability distribution of those parameter estimates. Each parameter estimate that is produced by an estimator is defined as a random variable constrained from a selected probability distribution. If the mean of the probability distribution in question is equivalent to the true value of the parameter, that is to be estimated, the estimator will remain unbiased. In other terms, if the estimator is unbiased, on average, the true value of each parameter will be recovered.
Climatic Indices
Various climate indices like Monsoon Index (hereafter MI), Oceanic Nino Index (hereafter ONI), and NINO-3 have been used in the study to examine the climate variability impact on crops. Among various monsoon indices, "Indian Summer Monsoon Index", based on zonal wind, is used, which is computed using NCEP-NCAR reanalysis, as follows (Equation (4)):
means difference between U850 (zonal wind at 850 mb) over two regions with varied latitudinal and longitudinal extension, as mentioned in Equation (1) [22] . MI is an indicator of Indian Summer Monsoon rainfall, which is defined by the seasonally averaged precipitation over all the Indian sub divisions from June to September. The MI not only represents the rainfall anomalies averaged over an extended region, including the Bay of Bengal, India, and the eastern Arabian Sea, it is also highly correlated with the all-India summer rainfall, and this has a great impact on Indian kharif cropping pattern. ONI, believed to have strong impact on rainfall [23, 24] , is one of NOAA's primary indices for monitoring the relative strength of El Niño/ Southern Oscillation (ENSO). Its cycle is related to strong anomalous warming/cooling condition in eastern tropical pacific and cooling/warming condition in western tropical pacific. It is calculated by taking three month running average derived from ERSST.V4 (Extended Reconstruction SST. Version 4) SST anomalies for the Nino 3.4 (5 • N-5 • S, 120 • W-170 • W) region. The impact of El Nino-southern oscillation (ENSO) on the Indian monsoon rainfall is well known. The authors of [25] have shown a statistically significant positive correlation between the Indian monsoon rainfall and sea-surface temperatures (SSTs) over most parts of the north Indian Ocean at lead times of 6-12 months. Hence, the potential (associated with ENSO and other large-scale climate teleconnections) to anticipate fluctuations in both monsoon rainfall and resulting agricultural production prior to the start of the growing season has important implications for agricultural decision making at farm and policy levels.
Nino 3 index is calculated by taking area average of SST anomalies in • C (degrees Celsius) of region over eastern Pacific Ocean, which is bounded by 90 • W-150 • W and 5 • S-5 • N.
Purposive sampling techniques were used in the selection of study site and sample households. Criteria considered for the selection of study area were representativeness, prevalence of the problem, availability of relevant data, and proximity to meteorology station. In order for the study to be reliable, 150 interviewees were carefully selected within the three districts. In addition, it was preferred that the selected interviewees in question had more than five years of experience within the agricultural production domain and were full-time farmers. In our analyses of the results of primary survey, the number of respondents has been converted to percentage.
Results and Discussion
Climate variability [26] [27] [28] and change have emerged as the most prominent global issues, and there is a need to evaluate their impact on vulnerable socio-economic sectors such as agriculture. Additionally, understanding the regional manifestations of recent climate trends can help us to prepare for future climatic effects on agricultural productivity. Among the various parameters of climatic variability [29] , rainfall [30] and temperature [31, 32] play the most determining roles [33, 34] in defining agricultural conditions. This is also true for the districts being studied here. The location map of the study area and its soil types are shown in Figures 1 and 2 , respectively. Figure 2 shows the relationship between rainfall anomaly and rice and maize yield anomaly. Furthermore, it can be seen from the figure that both are generally following a direct relationship, i.e., when one increases (i.e., the independent variable rainfall), the other ones also increase (i.e., dependent variables rice and maize yield anomaly) and vice versa. Rainfall deviation years as well as temperature deviation years with more than 10% of the mean have been calculated and compared with the maize and rice yields for Niño/ deficient years. Figure 3 gives a clear visual representation of rainfall deviation years, negatively, and temperature deviation years, positively, of above 10% of the mean, along with crop yield deficiency years. It is found that the rainfall deviation years result in reductions in rice and maize yields (Table 1) . Similarly, when there is increase in temperature by more than 10% of the mean, this results in the deficiency of rice and maize yields. Though the amount varies, rainfall deviation has a higher impact compared to that of the temperature. For example, as shown in Table 1 , in the year 1981 rainfall deviation is −25.44%, and the rice yield for the year 1981-1982 is −33.11 %. Similar results can be seen for maize yield, like in the year 1982, when the temperature increase is 31.22% and maize yield is −23.12%. Rainfall deviation years as well as temperature deviation years with more than 10% of the mean have been calculated and compared with the maize and rice yields for Niño/ deficient years. Figure 3 gives a clear visual representation of rainfall deviation years, negatively, and temperature deviation years, positively, of above 10% of the mean, along with crop yield deficiency years. It is found that the rainfall deviation years result in reductions in rice and maize yields (Table 1) . Similarly, when there is increase in temperature by more than 10% of the mean, this results in the deficiency of rice and maize yields. Though the amount varies, rainfall deviation has a higher impact compared to that of the temperature. For example, as shown in Table 1 , in the year 1981 rainfall deviation is −25.44%, and the rice yield for the year 1981-1982 is −33.11 %. Similar results can be seen for maize yield, like in the year 1982, when the temperature increase is 31.22% and maize yield is −23.12%. The correlations of rice and maize yield anomaly with rainfall and temperature anomaly suggest both the crops have negative relationship with temperature anomaly, i.e., −0.4 for rice and −0.38 for maize (Figures 4 and 5) . The correlation values with temperature anomaly are modest compared to positive correlation values for rainfall, i.e., 0.65 for rice yield and 0.6 for maize yield. Hence, the rainfall anomaly plays a decisive role in determining the crop yield. Table 2 shows multiple linear regression analysis result where dependent variables are rice and maize yield anomalies, and independent variables are temperature and rainfall anomalies. The results show that rainfall anomaly plays a more significant role than temperature anomaly in determining rice and maize yield. The results are statistically significant at 0.018 (p value) for rice yield and 0.044 (p value) for maize yield. Ninety-five percent or 0.05 threshold value has been set for this analysis. Additionally, the R square value, which is the co-efficient of determination for rice yield, i.e., 0.732, and 0.544 for maize yield, makes the analysis much more significant. In other words, it can be said that 73% and 54% variations in rice and maize yield, respectively, can be predicted by one unit change in rainfall anomaly. However, the result of temperature anomaly for prediction of rice and maize yield was not significant and hence is not discussed further. Monsoon plays a pivotal role in defining the rainfall pattern over the study region, which ultimately affects the crop productivity pattern. The region receives heavy rainfall during monsoon season of June to September, when the monsoon winds are the strongest. Therefore, the crop yield anomalies, with 5-year running mean, are correlated with the Monsoon Index for JJA, JAS, and JJAS seasons ( Table 3 ). The Pearson's Product Moment correlation coefficient was also calculated to study the variability impact. Important thing to mention here is that the correlation is calculated for the two crops separately. Furthermore, as the result shows, both rice and maize yield have strong positive relation with MI, i.e., 0.61, 0.66 for rice yield for MI-JJA and MI-JAS, respectively. After the correlation was computed with different seasonal Monsoon Indices, a multiple linear regression was carried on to identify the significance of seasonal Monsoon Index. As per the results shown in Table  4 , Monsoon Indices of JJA and JJAS seasons play determining role in the prediction of crop yield in the study area; also, the statistical test is significant as the significance values are within the limit of 95% confidence level. Table 2 shows multiple linear regression analysis result where dependent variables are rice and maize yield anomalies, and independent variables are temperature and rainfall anomalies. The results show that rainfall anomaly plays a more significant role than temperature anomaly in determining rice and maize yield. The results are statistically significant at 0.018 (p value) for rice yield and 0.044 (p value) for maize yield. Ninety-five percent or 0.05 threshold value has been set for this analysis. Additionally, the R square value, which is the co-efficient of determination for rice yield, i.e., 0.732, and 0.544 for maize yield, makes the analysis much more significant. In other words, it can be said that 73% and 54% variations in rice and maize yield, respectively, can be predicted by one unit change in rainfall anomaly. However, the result of temperature anomaly for prediction of rice and maize yield was not significant and hence is not discussed further. Monsoon plays a pivotal role in defining the rainfall pattern over the study region, which ultimately affects the crop productivity pattern. The region receives heavy rainfall during monsoon season of June to September, when the monsoon winds are the strongest. Therefore, the crop yield anomalies, with 5-year running mean, are correlated with the Monsoon Index for JJA, JAS, and JJAS seasons ( Table 3 ). The Pearson's Product Moment correlation coefficient was also calculated to study the variability impact. Important thing to mention here is that the correlation is calculated for the two crops separately. Furthermore, as the result shows, both rice and maize yield have strong positive relation with MI, i.e., 0.61, 0.66 for rice yield for MI-JJA and MI-JAS, respectively. After the correlation was computed with different seasonal Monsoon Indices, a multiple linear regression was carried on to identify the significance of seasonal Monsoon Index. As per the results shown in Table 4 , Monsoon Indices of JJA and JJAS seasons play determining role in the prediction of crop yield in the study area; also, the statistical test is significant as the significance values are within the limit of 95% confidence level. Other than the Indian monsoon, the study also attempts to understand the impact of Indo-Pacific climate variations, because it is well known that the Indo-Pacific climate variability largely influences regional phenomena such as Indian monsoon on a large scale. It can be said that the strength of Indian Monsoon, whether strong or weak, largely depends on the nature of Indo-Pacific climate variability [23] . Therefore, the relationship between rainfall and climate variation is very important, since the latter has a direct influence on Monsoon as well as on rainfall variability. To further elucidate the extent of the impact of the modes of Indo-Pacific climate variations, correlation analyses are carried out for crop yield anomalies with ONI, NINO-3.4, and NINO3 index of NDJ (November-January), DJF (December-February), and JFM (January-March) seasons (Table 5 ). It is noteworthy to mention here that the correlation [18] is calculated between crop yield anomaly of event specific years and ONI, NINO 3.4, and NINO3 index of NDJ (November, December month of previous year, and January month of event years); DJF (December month of previous year, January and February months of event year); and JFM (all three months are from event years), since ENSO phenomena in Pacific Ocean is in its peak occurrence during these time periods, i.e., November-March of one year only. Hence, to show the impact of an El Niño or La Niña event on rainfall pattern in the study area, correlation has been calculated for winter months. From the correlation table, it can be noticed that the Pacific climate variability indices affect the monsoon and, in turn, the agricultural yield or the cropping pattern, but as the correlation values shown in the table are moderate, so it can be said that due to time lag between the occurrence of Pacific climatic modes of variability and Indian summer rainfall, the effect is more or less moderate. The interviewees' perceptions of climate variables such as temperature and rainfall behavior of the area in past have been investigated through primary surveys. The results revealed that a higher proportion of farmers are of the opinion that both temperature and rainfall have been experiencing deviations and there has been a great change over the pattern of occurrence; also, they note extreme weather change particularly in the frequency of floods and droughts. Results show that almost 100% of the respondents perceived that rainfall has changed in their area in the last 20 years. Local communities have been experiencing fluctuations in rainfall and change in timing of rainfall over the past 20 years. Most of respondents believe in change of timing of rainfall, i.e., 70%, 60%, and 50% in Bolangir, Kalahandi, and Koraput, respectively. In this study, local people are also asked to tell what indicators they have been using to perceive changes in rainfall over the last 20 years. Their responses reveal that "decline of agricultural yields", "rainfall comes early or lately", "loss of some animal and plant species", "decreased availability of water", and "increased drought and flood frequency" to be the main indicators. Maximum respondents perceive "decline in crop yield" to be the major indicator for the change in rainfall trend. Thirty percent in Bolangir, 30% in Kalahandi, and 25% in Koraput reveal the arrival time of rainfall, i.e., the change in timing of rainfall, to be the second major reason for decline in crop yield.
Conclusions
This study draws upon quantitative and scientific approaches to investigate the climate variation impact on crop yield by analyzing meteorological data, i.e., rainfall and temperature, as well as climate variability indices, i.e., MI, ONI, and NINO 3. Mainly, the study establishes evidence of climate variability impact in the study area through an analysis of historical meteorological data from over the past 38 years. The agricultural practices in the three districts studied here are mainly rain-fed and are hence highly dependent on rainfall patterns. Among two studied climatic parameters (rainfall and temperature), rainfall is shown to have a tremendous impact on the yield of both staple crops under consideration (rice and maize). Again, among both the crops, the impact of rainfall on rice yield is seen to be higher than that of the impact on maize yield. MI, which is the main determinant of summer rainfall in the study area, is the main driving force behind high crop yield. Other climate indices like ONI and NINO 3 are shown to have a moderate impact on the crop yield of the study area; this may be due to the time lag between sowing season (May-June) of the crops and peak occurrence (November-December) of the climatic conditions in Pacific Ocean. Therefore, the study results reveal that deficit rainfall related to climate variations has a negative impact on the crop yield and livelihoods of smallholder subsistence farmers. Hence, proper and timely predictions of the climatic conditions could yield good results in the study area and some adaptive mechanisms could be taken on the basis of this to cope with the climatic extremities. 
